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Judgments of Learning
Metacognitive research has converged on an accessibility view of JOLs, which states that JOLs are not based on direct access to underlying states of learning, but rather on accessible cues that may or may not be diagnostic of subsequent remembering (Dunlosky & Metcalfe, 2009 ). Multiple variables have been shown to influence JOLs and JOL resolution (i.e., whether withinperson variation in JOLs across items correlates with item variation in memory outcomes; see Gonzalez & Nelson, 1996) , including observable stimulus characteristics, learning strategies, and internal mnemonic states (e.g., Koriat, 1997; Nelson, 1996) . Typical JOL experiments focus on one or at most a few such cues, seeking to experimentally isolate their influences on JOLs.
Multiple-Cue Utilization Perspective
We argue that additional progress can be gained by adopting a generalization of the accessibility perspective-an explicit multiple-cue utilization approach-to account for JOL magnitude and resolution. By this account, a JOL can be considered an outcome of a (possibly informal) decision process in which relevant cues are potentially accessed and then evaluated. The validities of utilized cues for predicting subsequent memory performance (often termed diagnosticity in the judgment and decision making literature), along with the relative weight given to each cue actually accessed by the judge when making the JOL, determine JOL accuracy (resolution). This perspective argues that individuals can (and often do) access multiple cues when constructing JOLs, although ignoring (failing to access) or discounting (failing to utilize) other available cues that may or may not be diagnostic. The task of the researcher is to demonstrate empirically which cues are associated with JOLs, potentially indicating that they are accessed and evaluated during the judgment process. For example, showed that JOLs were jointly influenced by an experimentally manipulated stimulus characteristic (associative relatedness of word pairs) and a participant-determined behavior (spontaneous use of mediational strategies).1
The experimental literature has generated a great deal of empirical data about different cues that may or may not influence both JOL magnitudes and JOL resolution. JOLs made immediately after studying items for the first time often have rather low resolution that can be attributed in large part to the salience of stimulus features that are mostly irrelevant to subsequent remembering (e.g., perceptual features such as size or loudness; Rhodes & Castel, 2008) . Individuals making JOLs also ignore or discount many other cues that are diagnostic of later remembering such as asymmetric direction of associative relatedness of cue-target pairs (e.g., Koriat & Bjork, 2006) , instructed encoding strategies varying in normative effectiveness (e.g., Hertzog et al., 2009; Shaughnessy, 1981) , and the type of memory test (e.g., Touron, Hertzog, & Speagle, 2010; Weaver & Kelemen, 2003) . Immediate JOLs (unlike delayed JOLs or feeling-ofknowing judgments) are also insensitive to the cue's associative set size, which influences the likelihood of implicit retrieval interference at test (Eakin & Hertzog, 2012) , but set size apparently is not accessed at the time of encoding when making immediate JOLs. JOLs made during an initial study opportunity are also correlated with encoding fluency (i.e., how quickly an item is encoded; Begg, Duft, Lalonde, Melnick, & Sanvito, 1989; Hertzog, Dunlosky, Robinson, & Kidder, 2003; Undorf & Erdfelder, 2011) and by latencies of retrieving relevant information (e.g., Benjamin, Bjork, & Schwartz, 1998) . Even when encoding fluency is not diagnostic of subsequent memory, it appears to influence JOLs, attenuating their resolution (e.g., Hertzog et al., 2003; Robinson, Hertzog, & Dunlosky, 2006) .
JOLs and the Memory-For-Past-Test Heuristic
Studies of multiple study-test trials with cued recall of lists of paired-associate (PA) items show that JOL resolution increases until asymptotic performance begins to restrict item variance in recall (e.g., Koriat, 1997; Koriat & Bjork, 2005) . This increase in resolution typically requires intervening memory tests rather than just additional study opportunities (Koriat & Bjork, 2005) . A plausible mechanism for this effect is that individuals remember past test performance for an item and use that information when making a JOL on the next study opportunity. Indeed, memory for past test (MPT) has been shown to have a strong influence on subsequent JOLs (Ariel & Dunlosky, 2011; Finn & Metcalfe, 2007 . Reliance on MPT might help to account for the stability bias in JOLs (failure to predict increases in performance after an additional study opportunity; e.g., Kornell, Rhodes, Castel, & Tauber, 2011) as well as the underconfidence-with-practice effect (increasing discrepancy between the aggregate level of JOL confidence and the list-wise probability of recall; Finn & Metcalfe, 2007) .
However, People do not exclusively rely on MPT as a heuristic for making JOLs. Finn and Metcalfe (2008) found that underconfidence with practice occurred even when no intervening test was given between JOLs, and used this and other findings to argue for the likely influence of other cues they had not measured on second-trial JOLs. Ariel and Dunlosky (2011) used prestudy JOLs, which, in one condition, were accompanied by prompts about past recall success for that item. They reasoned that if MPT was the only cue that was considered when making a second-trial JOL, then these prestudy JOLs should be as accurate as standard JOLs. They were not. Their two experiments indicated that second-trial JOLs were influenced by MPT, but also by new learning and item forgetting. Tauber and Rhodes (2012) used multilevel regression models to show that second-trial recall predicted prior JOLs independently of first-trial recall, demonstrating that new learning was indeed influencing JOLs. However, although these studies demonstrated the likely existence of influences other than MPT on second-trial JOLs, they did not actually measure any of the other cues potentially affecting second-trial JOLs. Hence, they could neither empirically demonstrate other cues' influence nor estimate the magnitude of those effects.
Goals of the Present Study
This study was motivated by two broad goals. One was to extend the concept of MPT to embrace aspects of test performance other than cued-recall success, as has previously been studied. We used an associative recognition memory task to broaden the range of MPT-related phenomena beyond those typically seen in cued-recall tasks. A second goal was to explicitly evaluate whether cues besides MPT influence JOLs at the second study opportunity. Embracing the multiple-cue perspective, we argue that at least two other variables in addition to those related to MPT should predict second-trial JOLs: prior JOL confidence and second-trial study time.
Expanding MPT-Related Phenomena in an Associative Recognition Task Recognition memory tests often use item-level confidence judgments (CJs)-rated confidence in the accuracy of memory test responses-to address multiple research questions, including those regarding influences of response criteria on responses and influences of recollection versus familiarity on remembering (e.g., Yonelinas & Parks, 2007) . Metacognitive research has used CJs to evaluate the accuracy of performance monitoring, including retrieval and memory test decisions (e.g., Kelley & Sahakyan, 2003; see Dunlosky & Metcalfe, 2009 , for a review) Cued recall for lists with associatively unrelated PA items are typically characterized by high omission error responses ("I can't remember") and low intrusion error rates (e.g., Dunlosky, Hertzog, & Powell-Moman, 2005) . Probably as a consequence, item-level CJs after each cued-recall test are highly accurate even in the absence of performance feedback (Dunlosky & Hertzog, 2000; Finn & Metcalfe, 2007, Experiment 3) , with recall-CJ resolution often approaching perfect 1.0 correlations, except when to-be-remembered materials are deliberately manipulated to create false memories (e.g., Jacoby & Rhodes, 2006; Kelley & Sahakyan, 2003; Roediger & McDermott, 1993) .
In recognition memory tests, however, monitoring successful remembering is more ambiguous and error-prone, and other variables such as response latency may carry important information about future accessibility of underlying memory representations (e.g., Ratcliff, Thapar, & McKoon, 2011) . Associative recognition tests often compare recognition of intact pairedassociated (unchanged from original study) with false alarms for rearranged pairs (in which words for originally different studied items are paired together at test. Associative recognition task CJs manifest imperfect performance monitoring accuracy (Hines, Touron, & Hertzog, 2009 ); e.g., older adults are prone to high-confidence recognition memory errors (e.g., Shing, Werkle-Bergner, Li, & Lindenberger, 2009) . Recollective experiences during the recognition test may include more or less access to vivid details about the original encoding, the associative mediators that were originally produced (if any), or other cues that could influence both CJs and subsequent JOLs (e.g., Cohn & Moscovitch, 2007; Hicks & Marsh, 2001; Parks, 2007) .
Because associative recognition test CJs are imperfectly correlated with recognition memory success, using a recognition memory task allowed us to separate cues associated with memory test responses from subjective confidence in the accuracy of those responses-both variables can be used to predict second trial JOLs. Indeed, in the present study we tested whether CJs predicted second-trial JOLs independent of actual recognition memory accuracy. To the extent that CJs fully capture the subjective experience of remembering during the recognition test, recognition memory success should not predict JOLs independent of CJs.
There is good reason to believe that neither recognition memory accuracy nor CJs will capture all the available cues about recognition memory performance that will later be accessed when making JOLs. For instance, both variables may not capture retrieval fluency effects during recognition memory that influence JOLs (e.g., Benjamin, Bjork, & Schwartz, 1998) . Recognition memory reaction time (RTs) are one measure of retrieval fluency in recognition tasks. They typically decrease monotonically with the degree of item learning and, therefore, may serve as a valid cue for future correct retrieval (e.g., Cerella, Onyper, & Hoyer, 2006; Logan, 1988; Ratcliff & Starns, 2009 ), perhaps because they are related to gradations in memory strength above a threshold required for successful recognition (Bower, 2000) . Retrieval fluency effects have typically been ignored in existing work on MPT, which has focused exclusively on recall accuracy. We hypothesized that recognition test response latencies would also predict subsequent JOLs independent of prior recognition accuracy and CJs.
Time monitoring in memory experiments is often rather inaccurate, with individuals underestimating the time required for successful retrieval, possibly because of the degree of attentional control devoted to the retrieval search (e.g., Craik & Hay, 1999; Hertzog, Touron, & Hines, 2007) . Thus, subjective fluency (measured by participant-estimated retrieval times) could influence JOLs, whether or not actual retrieval fluency does so. Indeed, from a metacognitive perspective, one might argue that perceived retrieval fluency should have a stronger influence on later JOLs than actual retrieval fluency (see Hines et al., 2009; Robinson, Hertzog, & Dunlosky, 2006) .
In addition to the influence of these metacognitive Trial 1 cues on Trial 2 JOLs, the Trial 2 study experience immediately preceding Trial 2 JOLs could also have an influence that should be also independent of MPT. Study time at first exposure to new information is a multi-determined variable, being influenced by the nature of the study strategy, the difficulty of implementing a selected strategy, and additional rehearsal or elaborative processing after completion of a study strategy (e.g., Koriat, Ma'ayan, & Nussinson, 2006) . In contrast, study time on a restudy trial following a memory test can reflect (a) relative study emphasis-in particular, a decision to devote less study time to items already remembered, which should be entrained by MPT (e.g., Mazzoni & Cornoldi, 1993) ; or (b) variations in reprocessing fluency (e.g., Masson, 1993) , which might arise in part because individuals can choose to reproduce or retrieve outcomes from a study strategy or vary encoding strategies (e.g., either (a) retrieve and rehearse the same study mediators generated during the first study opportunity or (b) choose to generate new mediators; see Pyc & Rawson, 2012) . Hines, Touron, and Hertzog (2009) showed that that study times following a test trial are influenced by past associative-recognition test accuracy and recognition CJs. Controlling on past test accuracy, an independent effect of restudy time on JOLs made immediately after restudy would indicate emergent influences of encoding on JOLs that are not accounted for by a MPT heuristic.
Testing Multiple-Cue Hypotheses About Restudied Item JOLs
We used multilevel regression models (Singer, 1998; Snijders & Bosker, 1999) to assess the relative contributions of multiple independent variables (that carry the effects of different metacognitive cues) on JOLs made during a second study-test trial in our associative recognition task. These types of analyses are especially well-suited to evaluating the simultaneous unique predictive power of multiple cues on JOLs (see Hoffman & Rovine, 2007) , assessing whether a particular cue is predictive of subsequent JOLs controlling on other measured cues (via the partial regression coefficient associated with each cue). Multilevel modeling also affords the opportunity to examine in a single model the roles of both item-level and person-level variation in cues in predicting subsequent JOLs. For example, one can simultaneously examine (a) whether items that were encoded or retrieved more quickly also predict higher JOLs (item-level association); and (b) whether people with faster average encoding or recognition times also exhibit greater average JOL confidence. It is also possible to estimate specific item differences in JOLs and to control for these effects in evaluating the influences of other variables on JOLs. This approach insures that any effects are not an epiphenomenon of unusual item characteristics impacting the JOLs.
Through the use of multilevel modeling we show that, although variables related to past test performance do have a powerful influence on subsequent JOLs, other cues related to the learning experience also influence them.
In a preliminary study we analyzed unpublished data from Hines et al.'s (2009) experiment assessing age differences in metacognitive predictors of study time allocation in an experiment with two study-test trials. We had collected Trial 2 JOLs in that study but did not report on them in the 2009 article. Multilevel regression models measured item-level and person-level influences on Trial 2 JOLs. We obtained reliable prediction of Trial 2 JOLs by JOLs at Trial 1, indicating stable item-related variance in JOLs. Expected patterns of MPT were also found, with first-trial recognition accuracy predicting Trial 2 JOLs. We also found reliable random effects in this regression coefficient, indicating that the MPT effect varied across individuals. Critically for a multiple-cue perspective, Trial 2 study time predicted Trial 2 JOLs independent of Trial 1 recognition success.
We conducted a new experiment that replicated and extended those preliminary findings, testing several hypotheses about variables that may influence the construction of Trial 2 JOLs. First, we hypothesized that recognition CJs and estimated recognition RTs (i.e., subjective retrieval fluency) would also predict Trial 2 JOLs independent of recognition memory accuracy. Second, we hypothesized across-trial consistency in JOLs (prediction of Trial 2 JOL for an item by the Trial 1 JOL for that same item) that would not be eliminated by the MPT effects. Third, and most critically, we hypothesized that study time at Trial 2 (reflecting reprocessing fluency at encoding) would be associated with Trial 2 JOLs, independent of the Trial 1 variables. This outcome would confirm prior reports of unknown variables other than MPT influencing secondtrial JOLs, while demonstrating that one of these previously unidentified variables was the fluency of second-trial encoding.
Method Design
The experiment used two study-test trials in a within-subjects design.
Participants
Fifty-one undergraduates between the ages of 18 and 25 years (M = 19.22) participated and received course credit for doing so.
Materials and Procedure
The stimulus materials were identical to those reported by Hines et al. (2009) , consisting of 120 concrete nouns that were used to construct 60 normatively unrelated paired associate items (see Table S2 in Supplement A for the list of paired associate items). The general procedure involved two consecutive study-test trials using an associative recognition test with intact and rearranged pairs. During study, the task presented centrally fixated word pairs under intentional memorization instructions. Study was self-paced at both trials, with participants terminating item-level study by pressing the spacebar. During each study trial, 60 associatively unrelated word pairs (e.g., IVY-BIRD) were presented individually in a randomized order. After studying each item, participants gave a JOL rating their ability to remember the item approximately 10 minutes later on a continuous scale from 0% to 100% confidence. Study was terminated by a keypress used to record the elapsed study time.
Self-paced testing presented both intact (e.g., an item as presented during study) and rearranged (e.g., IVY-BIRD might have been tested when the originally studied items were IVY-STAR and BARREL-BIRD) trials. Each item was tested in intact form and used to form one rearranged pair, resulting in 120 recognition test trials. Upon the presentation of each stimulus, participants indicated by keypress ("yes" or "no") whether the item was an intact pair that had been studied previously. Following each test trial, participants provided reaction time (RT) estimates and CJs. Like JOLs, CJs were made using an integer between 0 and 100% confidence. Participants estimated their recognition RT by using a continuous visual analog scale. Participants controlled the scale by moving the computer mouse to slide an indicator from the left (0 s) to the right (10 s). As the mouse moved, the computer also displayed a numerical value of the estimated RT below the slider, rounded to the nearest .1 s. The order of collecting CJs and RT estimates was counterbalanced across participants who were randomly assigned to the counterbalancing conditions.
Results Table 1 contains the means and standard errors of variables entered into our multilevel models, as well as Goodman-Kruskal gamma correlations (see Gonzalez & Nelson, 1996) often used in the metacognitive literature to evaluate increases in JOL resolution across trials (e.g., Koriat, 1997) . These data should help the reader assess the relative impact of each variable in the regressions and are informative concerning results that are typically emphasized in studies of JOLs in multitrial learning experiments.
One outcome that can be observed in Table 1 is that the mean level of JOL confidence, collected on a scale of 0%-100%, was well below the average level of associative recognition memory performance. Supplemental results available with this article (see Supplement A) demonstrated that JOLs are highly underconfident of recognition memory performance at first test, and that this underconfidence is substantially but not fully repaired by test experience (also see Touron et al., 2010) .2 Hence, the underconfidence with practice effect emphasized to date in the JOL literature (e.g., Finn & Metcalfe, 2007 ) is specific to cued recall. JOL resolution for associative recognition also did not increase across trials, unlike well-replicated findings with cued recall tasks. These results confirm previous findings that associative recognition behaves differently from cued recall (see Touron, Hertzog, & Speagle, 2010) , and reinforce the possibility that multiple cues could influence second-trial JOLs.
Multilevel Regression Model for Trial-2 JOLs
Our main goal in this article was to use regression models to test hypotheses relevant to multiplecue influences on Trial 2 JOLs. Multilevel regression models were constructed using SAS PROC MIXED (Littell, Milliken, Stroup, & Wolfinger, 2000 ).3 The item-level predictor variables included in the initial regression equation were the specific item identifier, Trial 1 study time, JOL, recognition accuracy, CJ, recognition RT, perceived recognition RT, and Trial 2 study time. We employed the item identifier ("Cue") as a nuisance factor to control for item differences in average JOLs. This procedure insured that any Level 1 regression effects were not an artifact of variance associated with items being normatively perceived as more easily or less easily learned. The person-level predictor variables were the person means for all item-level predictors.
We used within-person and between-person centering of predictors to account for within-and between-person effects (see Enders & Tofighi, 2007; Singer, 1998) . Within-person centering scales each predictor variable as its deviation from that person's mean for that cue. For example, if an individual has on average 70% confidence in recognition CJs, that person's CJ of 50 would be rescaled to −20, whereas a CJ of 90% confidence would be rescaled to +20. Each person's predictor variables are centered to the person's own mean. So for a different individual with 30% mean CJs, item CJs of 70% and 90% would be rescaled to +40% and +60%, respectively. Within-person centering allows one to evaluate whether within-person variation in other cues predicts within-person variation in JOLs, or what would be termed a Level 1 regression effect in multilevel regression models.
With between-person scaling, a new variable is created for each item that is the person's mean on the predictor variable, centered against the overall sample mean for the predictor. This variable is a constant within a set of items for each person, but differs between persons. So if the sample mean CJ was 50%, the two individuals with mean CJs of 70% and 30% would have centered values of +20% and −20%, respectively, for each and every one of their items. This between-person centered variable captures individual differences in means on the predictor variables. Done in this way, the two rescaled variables are orthogonal to each other, and can both be used as predictors in the regression model (Singer, 1998) .
Using both types of variables allows the simultaneous estimation of both item-level (i.e., Level 1 effects) effects and individual differences in predictors on JOLs (Level 2 effects). This practice can address within-and between-level questions, such as: "Does a higher JOL for an item at Trial 1 predict a higher JOL for that same item at Trial 2?" and "Do people who had higher mean JOLs at Trial 1 also have higher mean JOLs at Trial 2?" If these within-person and betweenperson influences are not independently identified and jointly evaluated they can contaminate one-another (e.g., Snijders & Bosker, 1999) .
We also evaluated random effects for the regression coefficients predicting JOLs from recognition memory accuracy and CJs in order to determine whether there were reliable individual differences in these MPT effects (see Gelman & Hill, 2007) . To do so, we specified a hierarchical series of models with maximum likelihood (ML) estimation, first adding a random intercept (individual differences in mean JOLs for Trial 2), next adding a random effect for recognition memory accuracy, and finally adding a random effect for CJs. This procedure allowed us to compute differences in fit (−2 Log Likelihood, or −2LL) for the ML solution, which are likelihood ratios whose differences are distributed as central χ2 variates under the null hypothesis that the row of random effects added to the covariance matrix was generated from a vector of 0 population variances and covariances (Pinheiro & Bates, 2000) .
Multilevel regression models involve estimation and interpretation of raw score regression coefficients; in our analyses item-level predictors can have over 1,000 df for their error terms. To avoid consideration of trivially small effect sizes, we set the Type I error criterion at α = .01, although we report actual p values for all fixed-effect F tests.
We had counterbalanced the order of RT estimates and CJs after each recognition test, with persons randomly assigned to counterbalancing conditions. A preliminary model (see Table S3 in Supplement A) tested for counterbalancing effects (Order) and interactions. No effect reached the .01 criterion.4
The initial model reported here included the item-level predictor variables of Trial 1 study time, JOL, recognition accuracy, CJ, recognition RT, perceived recognition RT, and Trial 2 study time allocation. It also included person-level predictor variables for these same variables.
First, we evaluated goodness-of-fit tests for the sequence of hierarchically nested models. Tablereports the sequence of likelihood ratio tests, starting with an initial unconditioned model (that estimated the JOL intercept without the inclusion of any predictors (see Snijders and Bosker, 1999 ). This unconditioned model can be used to generate pseudo-R2 values for each model by subtracting the residual variance associated with the final model from that associated with a model containing predictor variables. Model 2 added a random effect on the intercept, generating a pseudo-R2 that is also an estimate of the intraclass correlation, with about 19% of the total variance attributable to consistent individual differences in mean JOL confidence.
We next entered the desired fixed effects in Model 3. For Model 3 it is possible to compute the contribution of fixed effects to the pseudo-R2. The estimated random variance in intercepts dropped from 169.62 in Model 2 to 94.76 when fixed effects were added (between-subjects effects accounted for some of the individual differences in JOLs estimated in Model 2). Using these values, we estimated that 29% of the total variance in item-level Trial 2 JOLs was accounted for by the fixed effects portion of Model 3; including random effects, the model accounted for 46% of the JOL variance.
Model 4 added a random effect for recognition memory accuracy, which most closely aligns to the typical effect studied for MPT in free recall. Model 5 added a random effect of CJs to see if there were random effects in this regression relationship as well. The likelihood ratio (LR) χ2 tests revealed that each addition improved the model fit, so random effects for the JOL intercept, the memory accuracy slope, and the CJ slope were retained in the final model. This final model accounted for about 49% of the total variance in JOLs. We also evaluated Model 6, which deleted the random effects for recognition memory accuracy, leaving the other two random sources. Given the expected positive correlation of CJs and recognition memory accuracy, it was possible that CJs alone could account for random MPT effects. The loss of fit was significant, causing us to retain all three random effects. Table 3 reports the fixed effects regression estimates and Table 4 reports the associated F tests for two models: Model 3 with random effects for JOL intercepts only and the final model, Model 5. The major difference between these two models is the withinsubject fixed effect for estimated RTs is highly significant in Model 3 but was eliminated with random effects for two variables closely related to estimated RTs, recognition accuracy and CJs, were added to the model. In addition, p values for several person-centered predictors were reduced in Model 5 relative to Model 3, suggesting that these effects may have been an artifact of not modeling individual differences in the effects of key MPT predictors. We focus the rest of our treatment on the outcomes from Model 5.
On average, participants' Trial 2 JOL confidence was approximately 79%. The random intercept variance = 109 (see Table 5 ).
Assuming a normal distribution of individual differences in intercepts, about 84% of the participants had mean Trial 2 JOLs in the interval between 69% and 89% confidence.
The systematic item differences in mean JOLs, captured by the Cue variable in Table 4 , did not reach the Type I criterion. Nevertheless, covarying on the specific item variable assured that the remaining within-person regression effects could not be attributed to unusual characteristics of a few items. There were indications of stability in JOLs at the item-level across the two study trials, both at the item-level and at the person-level. A 1% difference in an item's Trial 1 JOL predicted a 0.11% difference in Trial 2 JOL for that item (see Table 3 ).
The substantively critical effects involved the expanded MPT hypothesis that recognition accuracy and recognition CJs would both influence Trial 2 JOLs. The analysis revealed reliable item-level effects of Trial 1 recognition memory accuracy on Trial 2 JOLs, consistent with the MPT hypothesis. Participants were approximately 12% more confident in their learning given an accurate prior item-level recognition test. However, the model also supported the argument that subjective confidence in recognition outcomes influenced later JOLs, controlling on recognition accuracy. Trial 1 CJs also predicted Trial 2 JOLs, with a 1% increase in an item-level CJ confidence predicted a 0.15% increase in subsequent JOL confidence for that same item. Given that Trial 1 JOLs were also included as predictors in the regression model, both of these effects can be interpreted as indicating that changes in JOLs from Trial 1 to Trial 2 were predicted both by recognition memory accuracy and by recognition memory CJs.
These fixed effects represent the average influence across all persons of recognition accuracy and CJs on Trial 2 JOLs. The significant random effects associated with these predictors indicate that the effects differ across persons. Table 5 reports the estimated covariance matrix of the random effects. Assuming a normal distribution, 95% of the within-person recognition accuracy effects lie in the interval 12.11 ± 14.23. Thus, a few individuals show no effect of recognition accuracy on Trial 2 JOLs, whereas a few at the other extreme show a greater than 25% confidence difference for previously correct versus incorrect items. Likewise, 95% of the withinperson CJ effects lie in the interval 0.15 ± 0.30, indicating that some individuals actually manifest a negative CJ-JOL relationship.5
Given the presence of the two random effects, one possibility is that the two metacognitive cues play off against one another, with some persons weighting CJs more when making JOLs, and other persons weighting recognition accuracy more. If this were the case, we would expect a negative covariance between the two sources of random effects. Table 5 shows this is not the case; the estimated covariance is positive but not different from zero, z = 0.65, p > .50. It appears that the effects for the two cues across persons are essentially independent of one another.
Critically, Trial 2 item study time, capturing reprocessing fluency, predicted Trial 2 JOLs, showing the influence of emergent aspects of Trial 2 encoding experiences on JOLs independent of MPT effects and all other predictors. An increase of 1s in Trial 2 study time for an item was related to a decrease of approximately 0.69% JOL confidence for that item.
We had hypothesized an effect of subjective fluency, as measured by estimated RTs, on Trial 2 JOLs. As can be seen in Table 3 , the within-person regression of JOLs on estimated RTs was not reliable in Model 5, although it had been significant in Model 3. One potential issue is that estimated RTs correlate moderately with actual RTs, consistent with the idea that accurate monitoring of recognition Test RTs generates a correlation of subjective and objective latency. Indeed, when we dropped actual RT variables from the model, the effect of within-person estimated RTs changed to −1.04, SE = 0.44, but failed to reach the specified level of 99% confidence to reject the null hypothesis, p = .017.
Discussion
This study provides unambiguous evidence that JOLs in a multitrial associative recognition task are influenced by multiple sources of information, not just recall of past memory performance accuracy. Although the results indicated a direct influence of past test accuracy on Trial 2 JOLs, consistent with the operation of a memory-for-past-test heuristic (Finn & Metcalfe, 2007 , they also show that recognition CJs influence Trial 2 JOLs independent of prior test performance. The independent effect of CJs supports a conception of the MPT heuristic as a broader subjective experience of past memory access that is determined by multiple cues about underlying memory representations, not just retrieved memories of past test accuracy.
Our findings also confirm inferences from recent research (e.g., Ariel & Dunlosky, 2011; Tauber & Rhodes, 2012 ) that other cues besides those affecting a MPT heuristic must be influencing JOLs. Critically, however, we showed that Trial 2 self-paced study time predicted JOLs independent of the MPT-related variables. We view this effect as reprocessing fluency influencing on JOLs, in part because the effect was significant when controlling on study time, memory accuracy, and CJs at Trial 1 (variables that should carry any effects of item-variance in normative learning difficulty). The analysis controls for the influence of MPT-related variables on study time, implying that the observed Trial 2 study time effect is due to emergent influences associated with Trial 2 study behavior, such as actual or perceived encoding fluency (see Robinson et al., 2006) . When other published studies have specifically examined time to complete encoding operations (e.g., interactive images), similar negative correlations have been found for encoding times and JOLs (e.g., Hertzog et al., 2003) . The effect seen here is specific to reprocessing fluency because it was not observed for Trial 1 study time-JOL relationships in this experiment. Given that overall study time subsumes initial encoding fluency and other influences (such as additional item rehearsal), initial study time may not always correlate with JOLs (see Nelson, 1993) .
In addition to showing that multiple cues have an effect on JOLs (what are termed fixed effects in multilevel regression models), we also demonstrated reliable random effects (individual differences) in the MPT effects associated with recognition accuracy and CJs. Thus, there are individual differences in these variables' effects on JOLs, which is a new and interesting outcome. Finn and Metcalfe (2007) reported near-perfect gamma correlations of a rating of past cued-recall test performance on an item (taken at the time of the next JOL) and the actual memory outcome for that item, implying highly veridical assessment of past test performance by all individuals when they are prompted to make a JOL (see Tauber & Rhodes, 2012) . The random effects found in this study would not have been anticipated from those studies-another possible manifestation of differences between recognition and cued-recall MPT phenomena. It is possible that all individuals in our experiments access MPT-related cues when making secondtrial JOL, but that some participants discount them when constructing the JOL, perhaps due to individual differences in the amount of recollective detail that was accessed (see Ariel & Dunlosky, 2011) . Indeed, examining alternate measures of MPT, such as remember/know/new judgments, could help to clarify MPT effects (given that these judgments may correlate more highly with test performance than CJs; McCabe, Geraci, Boman, Sensenig, & Rhodes, 2011) . Regardless, the reasons why some individuals would show weaker item-level MPT effects than other individuals is unknown, and further research is warranted to understand these individual differences. Tauber and Rhodes (2012) found that earlier immediate JOLs influenced JOLs made in second and third study-test trials in their associative memory task. Our experiment also shows that Trial 1 JOLs influence Trial 2 JOLs, even when controlling on consistent item differences in mean JOLs. Indeed, the only between-person predictor to approach significance, controlling on the random effects, was for mean Trial 1 JOLs predicting mean Trial 2 JOLs. Apparently there are persistent individual differences in mean JOLs across two study trials, which could reflect overall confidence that an individual has about his or her own memory performance (see Kleitman & Stankov, 2007 , for arguments about confidence judgments as a facet of personality, and a stable dimension of individual differences).
We do not claim to have captured all relevant cues operating on JOLs. Indeed, the current model accounts for just about half of the item-level variance in Trial 2 JOLs. Of course, most experimental studies do not attempt to account for all item variance, assuming large amounts of error variance that are often hidden by aggregation over items prior to data analysis. Nevertheless, it is likely the case that variables not included in this study would have explained additional variance in Trial 2 JOLs. As reviewed earlier in this article, many different cues have been demonstrated as having valid and invalid influences on JOLs, and many of these are likely operate in multiple-trial learning. Other unmeasured cues could certainly have stronger influences on JOLs than Trial 2 study time. For example, showed that successful, uninstructed use of mediational strategies during a single study-test trial (i.e., spontaneous use of interactive imagery to create the new association) influenced JOLs independently of a manipulated item characteristic, associative relatedness. We did not measure strategy use in the present experiments, but it is likely that spontaneous mediator use occurred (e.g., Naveh -Benjamin, Brav, & Levy, 2007; Pyc & Rawson, 2012; Richardson, 1998) . It could even be the case that a major influence on study time at Trial 2 is the difference between retrieving a mediator formed at Trial 1 versus constructing a new mediator. Remembering the mediator used at Trial 1 may lead to reduced study time and higher confidence that the mediator will facilitate subsequent item recognition.
One implication of the multiple-cue perspective argued here is a need to be concerned about how the mixture of measured and unmeasured cues might alter estimated regression effects. As an anonymous reviewer reminded us, self-generated validity effects could be operating (Feldman & Lynch, 1988) such that simply drawing attention to a cue by measuring it may alter its influence on metacognitive judgments. For instance, preliminary analyses of counterbalancing effects in these data (see Supplement A) found a trend toward an interaction of counterbalancing order of judgments (CJs followed by RT estimates, or vice versa) on the effect of RT estimates on Trial 2 JOLs. Thus, one cannot assume that estimated cue effects in one experiment will generalize to other experiments with different sets of measured variables or instructions that may affect the salience of different cues at the time of the metacognitive judgment. Spontaneous reliance on cues differs in principle from experimenter-guided attention to cues, as may the metacognitive consequences of explicit cue measurement. This concern underscores the value of replicating effects across variations in task contexts, as argued decades ago by Brunswik (1955) when he promoted the concept of representative design. In that vein, this study reinforces previous findings regarding predictive value of past memory performance (and, implicitly, memory performance monitoring) for subsequent JOLs, and also demonstrating that MPT effects differ between recall and recognition task contexts because of imperfect performance monitoring.
This study illustrates how multiple cues can be explicitly measured and then entered into a multilevel regression model to evaluate whether cues operate independently of one another to influence JOLs. These cues can either be experimentally manipulated or merely passively observed, but they must be empirically measured. We readily acknowledge that this study does not definitively address a number of critical questions about the nature of the multiple-cue utilization process. For example, what are the limits on the number of cues that can be considered on any given trial? What evidence can be generated that multiple cues are used on any given item, rather than different cues being accessed on different subsets of items? Would instructions to give different weights to specific different cues alter their relative impact on JOLs?
It is common practice at present for metacognitive researchers to manipulate one or two cues in isolation and then evaluate their influence on metacognitive judgments without consideration of other cues that may also be concomitantly influencing those judgments. Experimental isolation is of course highly useful and even critical for identifying candidate influences on metacognitive judgments. However, we argue that such approaches are usually insufficient as a means of testing multiple-cue theories about metacognitive judgments because it is often impractical or even impossible to manipulate all relevant cues in a single experiment (especially those cues that derive from participant behaviors and strategies, such as encoding fluency effects). As shown here, demonstrations of potent MPT accuracy effects as in earlier research do not rule out other influences on Trial 2 JOLs, and the typical experiment cannot fully control participant-generated access to relevant cues. Evaluating the influence of multiple cues on metacognitive judgments requires multilevel models like the ones used here to test whether measured cues have a unique influence on JOL magnitudes controlling on other measured cues, whether experimentally manipulated or passively observed.
